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CognitionPrevious studies investigating the relationship of white matter (WM) integrity to cognitive abilities and aging
have either focused on a global measure or a few selected WM tracts. Ideally, contribution from all of the WM
tracts should be evaluated at the same time. However, the high collinearity amongWM tracts precludes system-
atic examination of WM tracts simultaneously without sacrificing statistical power due to stringent multiple-
comparison corrections. Multivariate covariance techniques enable comprehensive simultaneous examination
of all WM tracts without being penalized for high collinearity among observations.
Method: In this study, Scaled SubprofileModeling (SSM)was applied to themean integrity of 18majorWM tracts
to extract covariance patterns that optimally predicted four cognitive abilities (perceptual speed, episodic mem-
ory, fluid reasoning, and vocabulary) in 346 participants across ages 20 to 79 years old. Using expression of the
covariance patterns, age-independent effects of white matter integrity on cognition and the indirect effect of
WM integrity on age-related differences in cognition were tested separately, but inferences from the indirect
analyses were cautiously made given that cross-sectional data set was used in the analysis.
Results: A separate covariance pattern was identified that significantly predicted each cognitive ability after con-
trolling for age except for vocabulary, but the age by WM covariance pattern interaction was not significant for
any of the three abilities. Furthermore, each of the patternsmediated the effect of age on the respective cognitive
ability. A distinct set ofWM tracts wasmost influential in each of the three patterns. TheWMcovariance pattern
accounting for fluid reasoning showed the most number of influential WM tracts whereas the episodic memory
pattern showed the least number.
Conclusion: Specific patterns of WM tracts make significant contributions to the age-related differences in per-
ceptual speed, episodic memory, and fluid reasoning but not vocabulary. Other measures of brain health will
need to be explored to reveal the major influences on the vocabulary ability.
© 2015 Elsevier Inc. All rights reserved.Introduction
Investigating the structural differences across age groups and how
that relates to differences in cognition will contribute to further under-
standing of the aging process. After repeated replications, Salthouse
(2005) and Salthouse et al. (2008) have shown that age-related differ-
ences in cognitive performance can be parsimoniously represented as
four cognitive abilities: perceptual speed,workingmemory,fluid ability,
and vocabulary. Under this framework, identifying the underlying dif-
ferences in structural integrity for each cognitive ability provides a com-
prehensive examination of the set ofwhitematter (WM) structures that
contribute to the aging mechanism. In monkeys, WM damage was
found to be themost powerful driving force in themechanism of cogni-
tive decline (Moss et al., 2007). Similarly, WM integrity measured withx 16, New York, NY 10032, USA.
s).diffusion tensor imaging was also reported to show the strongest asso-
ciations with age-related differences in cognition among other imaging
modalities in humans (Hedden et al., 2014). Therefore, the main re-
search question in the current study was whether variability in major
WMtracts (1) exhibit age-independent effects on cognition and (2)me-
diate the age-related differences in these four cognitive abilities in
healthy adults across the full age range of adulthood. We hypothesized
that each of these abilities relies on a specific set of WM tracts that con-
nects a network of brain regions involved in processing that ability, and
thus, a differentWM covariance pattern, consisting of a set of tracts that
covary across people, would be extracted for each cognitive ability that
both exhibits age-independent effects on cognition and mediates the
age-related differences in each cognitive ability.
Intactness of WMmicrostructure can be approximated by diffusion
tensor imaging (DTI), which is sensitive to signal changes due to
water diffusion in the brain. DTI indirectly measures the integrity as
well as the direction of gross axonal connections by fitting an ellipsoid
54 Y. Gazes et al. / NeuroImage 125 (2016) 53–60at each voxel characterized by three perpendicular axes. Each axis has a
direction and length, with the longest axis occupying the approximated
axonal direction. Four commonly used DTI measures for quantifying
whitematter integrity are axial diffusivity, radial diffusivity, mean diffu-
sivity, and fractional anisotropy (FA). The first three diffusivity mea-
sures quantify diffusivity along the axonal direction, mean diffusivity
perpendicular to the axonal direction, and overall mean diffusivity re-
gardless of axonal direction, respectively. FA is approximately the differ-
ences in lengths among the three axes proportional to the overall
diffusivity. FA is close to 1 if there is high anisotropy of water diffusion
(presumably due to intact axons/myelin) at the voxel and close to 0 if
there is low anisotropy.
WM integrity has been found to be a major predictor of cognition
from childhood to old age such that more intact WM integrity is associ-
ated with better task performance (Bendlin et al., 2010; Kantarci et al.,
2011). More recent studies related integrity of specific WM tracts to
cognition. Using tractography to derive WM tracts in a group of partic-
ipants ranging from18 to 85 years old, Voineskos et al. (2012) identified
positive relationships between the integrity of specific WM tracts and
performance on cognitive domains derived from structural equation
modeling (SEM). In a model that included age, FA for three WM tracts,
and performance in three cognitive domains, the authors reported
that integrity of the inferior longitudinal fasciculus (ILF) was associated
with visuomotor dexterity, integrity of the occipitofrontal fasciculus
was associated with visuospatial construction, and integrity of the
splenium of the corpus callosum was associated with memory and ex-
ecutive functions. Voxel-wise analysis of skeletonised WM integrity
maps also showed positive correlations between integrity of major
WM tracts and general fluid intelligence (abstract reasoning and prob-
lem solving) in a study conducted by Haasz et al. (2013) involving a
sample of middle-aged and elderly adults. Thus, better WM integrity
of specific WM tracts has been associated with specific cognitive
abilities.
Similar to other neuroimaging modalities, integrity measures for
WM tracts are highly collinear (Penke et al., 2010; Lovden et al., 2013)
and extremely noisy (Jaermann et al., 2004). Multivariate analysis
takes advantage of this collinearity, allowing more sensitive extraction
of signals from noisy data. This makes it an ideal tool for neuroimaging
analyses (Habeck et al., 2010). Habeck et al. (2010) showed that when
the effects of interest share common variances, multivariate analysis is
more robust against noisy data than univariate techniques. Two com-
monly used multivariate techniques are factor analysis using principal
component analysis (PCA) and structural equation modeling (SEM).
Factor analysis allows quantifying the major sources of variance in the
WM tracts across all subjects while SEM is used to partition the vari-
ances among factors. Penke et al. (2010) related the first principal com-
ponent (PC), obtained from factor analysis on the fractional anisotropy
(FA) for eight WM tracts, to a speed factor. This first PC accounted for
40.3% of the variance in FA and was negatively correlated with speed.
In Johnson et al. (2015), the authors used thefirst two PCs for FA and re-
lated the scores to age and perceptual speed. Lovden et al. (2013) used
SEM to compare a model positing a general whole brain factor for WM
integrity across eight tracts and a model allowing tract-specific factors.
The authors reported better fit indices for the tract-specific model de-
spite high loadings for all tracts in the general factor model. These stud-
ies showed the utility of multivariate techniques in DTI data.
Building on these studies, our study applied Scaled Subprofile
Modeling (SSM) analysis to our data, which is awell-established covari-
ance technique that linearly combines the most meaningful PCs to pre-
dict an outcome variable (Habeck et al., 2008). This technique has been
successfully applied to a number of imaging modalities such as arterial
spin labeling (ASL) (Asllani et al., 2008),fludeoxyglucose positron emis-
sion tomography (FDG-PET) (Habeck et al., 2008), and Pittsburgh com-
pound B (PIB-PET) (Oh et al., 2014), all of which consist of highly
collinear data points. We extracted the mean FA of 18 major WM tracts
using TRACULA (Tracts Constrained by Underlying Anatomy) (Yendikiet al., 2011), which displayed high collinearity among themselves.
These tracts connect the major cortical regions and may constitute dis-
crete networks for processing distinct cognitive abilities. We used SSM
to identify a covariance pattern ofWM tracts whose expression predict-
ed a specific cognitive ability. By examining the loadings for the differ-
ent WM tracts in each pattern we could identify the tracts that are
most influential to each ability. Since age was not used in the extraction
of theseWM covariance patterns, we were then able to test for the age-




Three hundred forty six participants were included in the current
analyses, 244 of which were from the Reference Ability Neural Network
(RANN) study and 102 were from the Cognitive Reserve study. fMRI
data from 174 of the RANN participants were included in Stern et al.
(2014) but only the DTI data and neuropsychological test scores for
these participants were used in the current study. Thus, the data used
in the current analyses have not been published yet. Table 1 shows de-
tails of the participants' demographic information. Participants were re-
cruited using established market mailing procedures to equate the
recruitment procedures of young and old adults. Participants who
responded to the mailing were telephone screened to ensure that they
met basic inclusion criteria (right handed, English speaking, no psychi-
atric or neurological disorders that can affect cognition, normal or
corrected-to-normal vision, and not taking any CNS-targeting medica-
tions). Individuals that passed the telephone screen were further
screened in person and a Mattis Dementia Rating Scale score of at
least 130 was required for inclusion in the study. Informed consent, as
approved by the Internal Review Board of the College of Physicians
and Surgeons of Columbia University, was obtained prior to study par-
ticipation, and after the nature and risks of the study were explained.
Participants were paid for their participation in the study.
Cognitive tasks
Four domains of cognitive functioning were assessed with three
tasks each. A summary score was calculated for each domain by averag-
ing the z-scores of the three tasks under each domain.
Memory
Three sub-scores of the Selective Reminding Task (SRT) (Buschke
and Fuld, 1974) were selected. Participants in this task were initially
read a list of 12 words and asked to recall as many as they could. For
the following five trials they were reminded of the words that they
did not report and were asked to again recall all of the words in the
list. Words are considered to enter long term storage from the point
when they are recalled twice in a row without reminders. The long-
term storage sub-score (SRTLTS) is the sum over all words of the num-
ber of trials when each word was in long-term storage. Continuous
long-term retrieval (SRT CLRT) is the sum over all words of the number
of trials for which the word was continuously recalled. The third mem-
ory measure was the number of words recalled on the last trial (SRT
Last).
Perceptual speed
One selected measure was the score on the Digit Symbol subtest
from the Wechsler Adult Intelligence Scale (WAIS III) (Wechsler,
1997). Participants in this test were instructed to write the symbol
corresponding to specific numbers as quickly as possible based on a
key specifying the appropriate symbol for each digit. The score is the
number of correctly produced symbols in 90 s. A second measure was
the score on Part A of the Trail Making Test (Reitan, 1958), in which
Table 1
Demographic information for 346 participants.
Decades 20s 30s 40s 50s 60s 70s
n 86 47 33 41 99 40
Sex 31 M/55 F 15 M/32 F 19 M/14 F 20 M/21 F 47 M/52 F 21 M/19 F
Age mean (SE) 25.4 (.278) 34.1 (.443) 44.6 (.458) 53.7 (.454) 64.7 (.258) 73.5 (.405)
DRS mean (SE)a 140 (.267) 140 (.382) 140 (.456) 140 (.484) 140 (.256) 139 (.472)
a DRS scores are not significantly different across decades.
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rapidly as possible and performance is assessed as the time to connect
all 24 circles. The third speed measure was the number of colored ink
patches named in 45 s in the Stroop Color Naming test.
Reasoning ability
One test was the WAIS III (Wechsler, 1997) Block Design test, in
which participants are asked to reproduce a series of increasingly com-
plex geometrical shapes using 4 or 9 identical blocks with red, white, or
split red and white sides. A second test was the WAIS III (Wechsler,
1997) Letter–Number Sequencing test in which participants are asked
to recall progressively longer lists of intermixed letters and numbers
in alphabetical and then numerical order. The third reasoning test was
the Raven's Progressive Matrices test (Raven, 1962) in which partici-
pants are asked to selectwhich pattern in a set of eight possible patterns
best completes a missing cell in a matrix.
Vocabulary
Tasks included the Vocabulary subtest from theWAIS III (Wechsler,
1997), the Wechsler Test of Adult Reading (WTAR) (Wechsler, 1997),
and the American National Adult Reading Test (AMNART) (Grober and
Sliwinski, 1991). The Vocabulary subtest asks participants to provide
definitions for a series of increasingly advanced words, and the WTAR
andAMNART both involve participants correctly pronouncing irregular-
ly spelled English words.
MRI acquisition
MRI images were acquired in a 3.0 T Philips Achieva Magnet using a
standard quadrature head coil. A T1-weighted scout image was ac-
quired to determine subject position. One hundred sixty five contiguous
1mm coronal T1-weighted images of thewhole brainwere acquired for
each subject with an MPRAGE sequence using the following parame-
ters: TR 6.5 ms, TE 3 ms; flip angle 8°, acquisition matrix 256 × 256
and 240 mm field of view. The DTI images were acquired in 55
directions using these parameters: b = 800 s/mm2, TE = 69 ms, TR =
11,032 ms, flip angle = 90°, in-plane resolution 112 × 112 voxels,
acquisition time 12 min 56 s, slice thickness = 2 mm (no gap), and 75
slices.
Any T1 scans with potentially clinically significant findings, such as
abnormal neural structure, were reviewed by a neuroradiologist and re-
moved from the sample prior to the current analysis. However, no clin-
ically significant findings were identified or removed.
Structural T1 processing
T1 segmentation was a necessary step in processing the DTI data.
Each subject's structural T1 scans were reconstructed using FreeSurfer
v5.1 (http://surfer.nmr.mgh.harvard.edu/). The accuracy of FreeSurfer's
subcortical segmentation and cortical parcellation (Fischl et al., 2002,
2004) has been reported to be comparable to manual labeling. Each
subject's white and gray matter boundaries as well as gray matter and
cerebral spinal fluid boundaries were visually inspected slice by slice,
manual control pointswere added in the case of any visible discrepancy,
and reconstruction was repeated until we reached satisfactory results
within every subject. The subcortical structure borders were plottedby FreeView visualization tools and compared against the actual brain
regions. In case of discrepancy, they were corrected manually.
DTI analysis
DTI data were processed with TRACULA (Tracts Constrained by Un-
derlying Anatomy) distributed as part of the FreeSurfer v. 5.2 library
(Yendiki et al., 2011) which produces 18 major WM tracts as listed
below:
• bilateral corticospinal tract (CST)
• bilateral inferior longitudinal fasciculus (ILF)
• bilateral uncinate fasciculus (UNC)
• bilateral anterior thalamic radiation (ATR)
• bilateral cingulum–cingulate gyrus (supracallosal) bundle (CCG)
• bilateral cingulum–angular (infracallosal) bundle (CAB)
• bilateral superior longitudinal fasciculus–parietal bundle (SLFP)
• bilateral Superior longitudinal fasciculus–temporal bundle (SLFT)
• forceps major, which passes through genu of corpus callosum (FMAJ)
• Forceps minor, which passes through splenium of corpus callosum
(FMIN).
The software performs informed automatic tractography by incor-
porating anatomical information from a training data set, provided by
the software, with the anatomical segmentation of the T1 image of the
current data set, thus increasing the accuracy of the WM tract place-
ment for each participant. Standard DTI processing steps using the
FMRIB's Diffusion Toolbox (FMRIB's Software Library v. 4.1.5) including
eddy current correction, tensor estimation, and bedpostx were per-
formed prior to tractography. See Yendiki et al. (2011) for detailed
steps performed by the TRACULA software. For each participant, the
means of fractional anisotropy (FA) for each of the 18 tracts, were en-
tered into subsequent analyses. FA ranges from 0 to 1with higher num-
ber representing more intact WM integrity.
Statistical analyses
Cognitive abilities
z-Scores were calculated for each cognitive task among all decades.
For each cognitive ability, a summary scorewas then calculated by aver-
aging the z-scores of the three tasks for each ability. Thus each partici-
pant had four summary scores, one for each cognitive ability such that
higher scores indicated better performance.
WM integrity covariance patterns
For each cognitive ability, we used the Scaled Subprofile Modeling
(SSM) approach (Habeck et al., 2008) to derive a covariance pattern,
consisting of a set of PCs, that best predicted performance in each ability
across all participants. The steps of SSM are as follows:
(1) Performed PCA on all WM tract data across all subjects.
(2) In order to determine the optimal linear combination of PCs
whose expression best predicts each cognitive ability, brain be-
havior regression was performed in which the independent var-
iables were the subject loadings from PCs, and the dependent
variable was the performance measure. AIC was then employed
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PC1 and PC2, PC1 and PC2 and PC3, and etc.
(3) Pattern construction: After the optimal subset is selected, we
took the regression weights for all of the chosen components
and constructed a corresponding pattern which assigned a load-
ing to each tract.
(4) Bootstrap procedure: So far, we had only produced a point esti-
mate of the best-fitting tract pattern, we had no information
yet about the robustness of the individual tract loadings. With
thebootstrap procedure,we sampled from the datawith replace-
ment, and repeated PCA, brain-behavior regressionwith the sub-
set selected in step 2, and pattern construction 10,000 times. AIC
was just employed for the purpose of subset selection and was
only done once in step 2. After 10,000 iterations, we computed
the variability of tract loadings around the point estimate value
and produced 95% confidence intervals for the pattern loading
of each WM tracts, which provided information on the stability
of the contribution from each WM tract towards the covariance
pattern. Confidence intervals that did not overlapwith zero dem-
onstrated a tract's significant contribution towards the covari-
ance pattern.
In this manner, a unique covariance pattern was derived for each
cognitive ability for which the pattern expression across subjects opti-
mally predicted the corresponding ability. Pattern expression scores
for each covariance pattern were calculated as described above and
were used in subsequent analyses.
Effects of age and WM covariance pattern expression on cognition
Separate regression models were conducted for each cognitive
ability with age, WM covariance pattern expression, and their interac-
tion as factors and the cognitive ability as the dependent variable. Anal-
yses were performed in SPSS (v22; IBM) and the alpha level for all
analyses was set at 0.05.
Mediation analysis
Mediation was performed for each cognitive ability to examine
whether the WM integrity patterns explained some of the age-related
differences in cognition. Even though each pattern was derived basedFig. 1.Mean z-scores for each cognitive ability across decades. z-Scores were calculated across a
trend in performance across age groups. Solid and dashed lines helped to distinguish the overlon best prediction for each ability, agewas never used to derive the pat-
terns, thus avoiding circularity when testing for mediation of age-
related differences in cognition. Mediation analyses were performed
with PROCESS, a macro for SPSS (Hayes, 2013), with 5000 stratified
bootstrap resamples to determine the bias-corrected percentile confi-
dence intervals for the indirect effect ofWM integrity. Confidence inter-
vals that did not overlap with zero provided evidence of significant
indirect effect for the mediator.
Results
Correlations among age, cognition, and WM integrity
As shown in previous studies (Salthouse and Ferrer-Caja, 2003;
Lindenberger, 2014), with increasing age, performance on the summary
measures of speed, memory, and reasoning decreased (speed:
r = −5.71; memory: r = − .465; reason: r = − .385; all p b .05)
while vocabulary increased (r = .245, p b .05). Fig. 1 shows the mean
z-scores for each cognitive ability in each decade. z-Scores were com-
puted within each cognitive task with all age groups combined.
Table 2 shows the Pearson correlation coefficients for the associations
among age, each of the 4 cognitive abilities, and the mean FA for the
18 WM tracts. Correlations among mean FAs and each of the cognitive
abilities were controlled for the effects of the other three abilities to
show correlations unique to each ability. The correlations were
corrected for multiple comparisons across 18 tracts (p b 0.05/18 =
.0027). With the exception of bilateral CAB, the right SLFT, and the
right SLFP, all other WM tracts were negatively correlated with age.
Five WM tracts were positively correlated with Speed after controlling
for the other three abilities. Only forceps minor was positively correlat-
ed with Reasoning, and none with Memory. Vocabulary was negatively
correlated with forceps minor and left CST.
WM covariance patterns
Using SSM, a separate covariance pattern was identified whose ex-
pression predicted cognitive performance in each ability. Fig. 2 shows
the number of PCs selected based on the lowest AIC and were linearly
combined to create the covariance patterns for each of the threell age groups within each task and then averaged within each decade to show the relative
apping lines from each other.
Table 2
Correlation among age, cognitive abilities, and FA for 18WMtracts. Correlationswith each
cognitive ability were partialled for the other three abilities.
WM tracts Age Speed Memory Reasoning Vocabulary
fmajor − .176** 0.139** 0.066 0.003 −0.051
fminor − .446** 0.086 0.057 0.228** −0.308**
L ATR − .248** 0.184** −0.003 0.065 −0.057
L CAB .132* − .072 0.018 0.032 0.019
L CCG − .214** 0.159** −0.026 0.09 −0.039
L CST − .328** 0.081 0.088 0.119* −0.233**
L ILF − .340** 0.168** 0.117* 0.064 −0.088
L SLFP − .311** 0.160** 0.024 0.071 −0.113*
L SLFT − .232** 0.168** −0.004 0.054 −0.019
L UNC − .243** 0.125* 0.066 0.082 −0.042
R ATR − .242** 0.116* −0.018 0.130* −0.156**
R CAB − .028 0.061 −0.004 0.005 −0.001
R CCG − .224** 0.185** −0.018 0.028 −0.130*
R CST − .209** 0.068 0.002 0.152** −0.115*
R ILF − .382** 0.185** 0.096 0.067 −0.099
R SLFP − .117* 0.103 −0.036 0.060 −0.007
R SLFT − .080 0.099 −0.048 0.038 −0.001
R UNC − .295** 0.134* 0.093 0.090 −0.092
*p b .05; **p b .01, bolded text: p b .002 corrected for multiple comparison.
Table 3
F-values for the effects of Age and WM pattern expression.
Speed Memory Reason Vocabulary
Age 84.7⁎⁎⁎ 50.0⁎⁎⁎ 29.5⁎⁎⁎ 13.0⁎⁎⁎
Pattern expression 13.3⁎⁎⁎ 5.16⁎ 6.24⁎ 2.49
Note. Dfs = 1, 343.
⁎ p b .05.
⁎⁎⁎ p b .001.
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dicted each cognitive ability when controlling for age with the excep-
tion of vocabulary (statistical details are provided in Table 3 and
Fig. 2). In Fig. 2B, blue dots represent thepoint estimates for the loadings
of each WM tract in the covariance pattern (=linearly combined load-
ings for the set of selected PCs) and the red bars are the bootstrapped
95% confidence intervals for eachWMtract in the covariance pattern as-
sociated with each cognitive ability. WM tracts with loadings of the
highest absolute values are themost influential in the patterns, and con-
fidence intervals that do not overlap with zero indicate significant con-
tribution to the covariance pattern. Only two WM tracts showed non-
zero influence on the covariance pattern for memory, six WM tracts
for Speed, and twelve tracts for reasoning. Please see Fig. 2 for the iden-
tities of the specific tracts.Fig. 2. A. Mediation models for the three cognitive abilities: S = perceptual speed, M= episod
cients. IE 95% CI=95% confidence interval for the indirect effect. c= total effect. c′=direct effe
red bars indicate the variability of the loadings for 10,000 bootstrapped samples. Tracts with re
the covariance pattern. PCs= the number of principal components linearly combined to create
abbreviations.Interaction of age by pattern expression on cognitive abilities
In order to ensure that the association between pattern expression
and each of the cognitive abilities did not differ by age, the interaction
between age and pattern expression was tested for each ability. The in-
teraction effect was not significant for each of the four abilities: speed:
F(1, 342) = 0.403; reason: F(1, 342) = 0.262; memory: F(1, 342) =
0.001; vocabulary: F(1, 342) = 0.166, all p N .50. Thus, the pattern ex-
pression to cognitive ability relationship did not change as a function
of age. This observation allowed us to test the independent effects of
age and pattern expression on cognition and to proceedwith the simple
mediation analysis, as described below.
Age-independent effect of WM pattern expression
We also evaluated the effects of age and pattern expression on each
cognitive ability. As summarized in Table 3, for speed, memory, and
reasoning, their associated pattern expression significantly predicted
each cognitive ability even after controlling for age. However, WM co-
variance pattern expression for vocabulary did not predict vocabulary
after controlling for age.
Indirect effect of age on cognition via WM pattern expression
Having established that pattern expression significantly predicts
cognitive ability and that the associations do not differ with age, medi-
ation ofWM covariance patterns on age-related differences in cognition
was tested for each ability. As shown in Fig. 1A, increasing age wasic memory, R = fluid reasoning. The numbers above the arrows are the regression coeffi-
ct. B. Loadings for the 18WMtracts. Blue circles indicate point estimate for the loading and
d bars that do not overlap with zero suggest significant contribution from theWM tract in
the covariance pattern. R= right. L= left. Please refer to DTI analysis section forWM tract
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sion was associated with better cognitive ability for speed, memory,
and reasoning. The bracketed numbers above each mediation diagram
indicates the confidence interval for the indirect effect of the WM co-
variance pattern. All of the confidence intervals do not overlap with
zero, demonstrating that the indirect effect forWM covariance patterns
on all three cognitive abilities are significant.
Discussion
The aimof the studywas to examine the relationships among age, FA
of 18 major WM tracts, and four cognitive abilities (perceptual speed,
episodic memory, fluid reasoning, and vocabulary) by investigating if
(1) FA exerts an age-independent effect on cognition, and (2) if FA indi-
rectly explains some of the age-related differences in the four cognitive
abilities. We summarized the FA for 18 WM tracts by extracting a co-
variance pattern ofWM tracts for each cognitive ability, and then tested
the relationships between the expression of each WM covariance pat-
tern with age and the corresponding cognitive ability. After confirming
that the interaction between age and WM covariance pattern expres-
sion was not significant for all four cognitive abilities, we proceeded to
testing for the age-independent effect of WM pattern on each cognitive
ability. While all of the cognitive abilities were significantly affected by
age, with the exception of vocabulary, WM covariance patterns had sig-
nificant effects on each of the three cognitive abilities even after control-
ling for age. Thus, for the three abilities that decline with age, WM
covariance patterns do exhibit an age-independent effect on cognition.
Furthermore, an indirect effect of age on cognitionwas found via ex-
pressions of the WM covariance patterns for three of the four abilities,
with vocabulary also being the exception. This demonstrates that a por-
tion of the age-related differences in cognition are attributable to differ-
ences inWM integrity for abilities that decrease with age. Hedden et al.
(2014) found that mean whole brain WM integrity, among other brain
measures, was one of the strongestmediators of the age-cognition asso-
ciation. Our study further advances our understanding of the age-WM
integrity-cognition relationships by localizing the influence of WM in-
tegrity to specific major WM tracts for each cognitive ability.
The WM covariance patterns derived to predict performance on
each ability consisted of a linear combination of principal components
(PCs) that accounted for the major sources of variance in FA across all
18 WM tracts. While previous studies usually incorporated at most
thefirst two PCs of a principal component analysis (PCA) into their anal-
yses, the current study demonstrated that greater specificity can be
achieved by incorporating more PCs into the WM covariance pattern.
While these patterns were specifically extracted to predict each of the
abilities, age was not included in the derivation and therefore does not
guarantee mediation of the age-related effect on cognitive abilities.
This was clearly shown in the lack of significant mediation by the WM
covariance pattern derived for the vocabulary ability. Thus, mediation
by the three WM covariance patterns derived for perceptual speed, ep-
isodic memory, and fluid reasoning represent statistically significant
mediation effects rather than a product of the pattern derivation
process.
WM tracts associated with each cognitive ability
Each of theWM covariance patterns associated with cognitive abili-
ties showedmajor influences from the FA of a set ofWM tracts. TheWM
covariance pattern derived for perceptual speed showed the largest in-
direct effect for age-related differences and involved a moderate num-
ber of tracts that are most influential in the pattern. These tracts
consisted of positive contributions from bilateral anterior thalamic radi-
ation (ATR) and inferior longitudinal fasciculus (ILF), and right uncinate
fasciculus, and negative contributions from the left parahippocampal
cingulum (CAB). Involvement of these positively weighted tracts in
the speed pattern is consistent with the nature of the tasks. The speedability was composed of scores from the Digit Symbol, Trails A, and
color naming in the Stroop task, all of which require integration of sen-
sory information from the thalamus to the frontal cortex through the
ATR and also from temporal and occipital cortices through the ILF.
While Penke et al. (2010) reported a general WM integrity factor
predicting speed ability, our results point to more specific tracts that
are most influential in the speed ability. Negative loading from the left
CAB suggest that high integrity is associated with worse speed ability,
which has been reported in previous studies (Hoeft et al., 2007) and
may be due to overproduction of myelin on the axonal tracts and/or
changes in the axon such as decreased axonal diameter or packing den-
sity (Beaulieu, 2002).
TheWM covariance pattern associatedwith the fluid reasoning abil-
ity consisted of contributions from the most number of WM tracts,
which is consistent with our understanding of the reasoning ability.
Reasoning tasks place demands on many more processes than the
other three abilities do, includingprocesses such as visuospatial integra-
tion, logical reasoning, visuospatial reasoning, andworkingmemory. Al-
though a voxel-wise approach was used, Haasz et al. (2013) also
reported significant correlation between FA and fluid reasoning in a
substantial portion of the voxels in the major WM tracts including for-
cepsminor, left superior and inferior longitudinal fasciculus, bilateral in-
ferior fronto-occipital fasciculus, left uncinate fasciculus, left cingulum,
and the right anterior thalamic radiation, most of which showed high
loadings in our pattern as well.
For the memoryWM covariance pattern, one would expect connec-
tions between the frontal and the temporal lobes, but only bilateral ILF,
which connects the temporal and occipital lobes, showed significant
contribution to the covariance pattern. This is not surprising because
in a study that performed tractography for major WM tracts, the ILF
shares N10% spatial overlap with the inferior fronto-occipital fasciculus
(IFO),which connects frontal and occipital lobes, and the correlation be-
tween ipsilateral ILF and IFO is .77 and .66 for the left and right hemi-
sphere, respectively (Wahl et al., 2010). However, TRACULA does not
perform tractography for IFO as of now. Thus, the association observed
between ILF and memory can most likely be attributed to the similarity
shared by ILF and IFO.
Vocabulary ability
In the current result aswell as in previous studies, vocabulary ability
has been found to be maintained rather than decline with aging
(Salthouse and Ferrer-Caja, 2003). Even though a pattern was derived
that predicted vocabulary, the effect was no longer significant once
age was accounted for. A direct interpretation of the result is that
other brain measures exert greater influence on the vocabulary ability
thanWM integrity such as gray matter volume and thickness and func-
tional activation. Another possibility is that the vocabulary ability does
not rely on the distributed cooperation of major long distance WM
tracts. Habeck et al. (2010) showed that when the effects of interest
are more focal, i.e., affecting only regions that share minimal variance
with each other, then multivariate analysis may not be able to extract
the effect of interest as well as a univariate approachwould. Vocabulary
processes likely relymore on specificWM connections lateralized to the
left hemisphere (all participants were right dominant) and rely on
tracts limited to the inferior frontal to temporal connections. Since the
18WM tracts examined in the current study was not specific to the vo-
cabulary ability, future studies should use vocabulary-related brain re-
gions as seeds for tractography analysis to extract the WM tracts most
relevant to the vocabulary ability to examine the association between
WM health and the vocabulary ability.
White matter integrity measures
In our analysis, we only performed SSM on the FA measure even
though most studies commonly report results for at least two of the
59Y. Gazes et al. / NeuroImage 125 (2016) 53–60four white matter integrity measures. This is a conscious choice based
on the fact that factor analyses on all four measures for each WM tract
(total of 18 factor analyses) showed that the first factor accounts for
58 to 76% of the variance across subjects (data not reported here).
This can be attributed to the fact that the fourmeasures are just different
ways to combine the same three numbers — the lengths of the three
vectors describing the ellipsoid. If we test the same hypothesis on all
four measures, we would be performing multiple comparisons and in-
creasing the type I error rate by 4 fold, but if we correct for multiple
comparisons with Bonferroni correction, for example, then we would
be imposing an overly stringent correction given that the measures
are highly correlated and increasing type II error rate. If the same SSM
analysis was performed on the other three diffusivity measures, the
resulting covariance patterns should be similar to those reported here
given the high degree of similarity among the measures. Future work
should formally characterize the relationships among the fourmeasures
with Monte Carlo simulations, for example, and propose more statisti-
cally responsible approaches in working with the four white matter in-
tegrity measures.
Caveat on mediation results
While mediation techniques test hypothesized causal effects, when
the data is cross-sectional as in the current study, caution is warranted
when making causal claims. Generally, the major concern in the use of
cross-sectional data to make causal inference is misrepresentation in
the direction of the causal relationships. In the current study, when
the independent variable (IV) is age, the mediator (M) is a brain mea-
sure, and the dependent variable (DV) is cognition, the direction of cau-
sality is less ambiguous than inmost cases. Age has to be the IV because
nothing else can influence chronological age. For the mediator and DV,
the brain measure is most likely exerting effects on cognition rather
than cognition influencing the brain measure based on the assumption
that cognition is an outcome of the underlying structure. Cognitive in-
tervention studies that show structural changes associated with cogni-
tive changes seem to support the idea that cognitive changes can
result in structural changes (Zatorre et al., 2012). Still it is more logical
to assume that repeated stimulation of the associated neural circuit dur-
ing cognitive training results in structural changes that are associated
with improved cognition rather than positing that cognitive perfor-
mance improves on its own which then causes structural changes.
However, with just cross-sectional data, it is not possible to provide
substantial proof of causal directions. Therefore, the use of cross-
sectional data in the current study is unlikely but still possible to have
misinformed the direction of causality.
Another concern in making causal inferences was outlined in
Maxwell and Cole (2007) in which the authors demonstrated that for
true longitudinal models with time delays in the relationships between
IV and mediator and mediator and DV, cross-sectional analysis might
give biased estimates of indirect effects. However, in the current paper
the true longitudinal relationships are not known yet; mediation was
used to explore the structure of the associations among age, WM integ-
rity, and cognition. Further, the statistical test performed in the current
study has tight control on the type-I error (Hayes, 2013) such that no in-
direct effect would be found if age was merely affecting WM integrity
and cognition independently, with no causal interaction of the latter
two quantities. Thus, an indirect effect, while possibly biased with re-
gard to possible longitudinal models, is unlikely to have arisen by
chance.
Overall, while the causal relationships reported in the current study
must be confirmedwith longitudinal data, the finding of indirect effects
between age and cognition via WM integrity are likely to be valid de-
spite the use of cross-sectional data. An indirect effect through the
WM covariance pattern occurs when there is a statistically robust de-
crease in the effect of age on each of the three cognitive abilities when
taking into account expression of the WM covariance pattern. A directinterpretation of the indirect effect is that differences in the expression
of theWMcovariance pattern partially explains the effect of age on each
of the cognitive abilities, potentially due to the aging mechanism acting
on changes in white matter integrity which in turn results in cognitive
decline. However, while the indirect effect is present in our data, inter-
pretation of the indirect effect requires confirmation with longitudinal
data.
Conclusion
Our study presented a comprehensive examination of the associa-
tions among age, FA of 18 major WM tracts, and 4 cognitive abilities
across adulthood. Using a multivariate approach, we identified a WM
covariance pattern that (1) shows age-independent effect on cognition,
and (2)mediates the effect of age on cognition for perceptual speed, ep-
isodic memory, and fluid reasoning but not for vocabulary. The covari-
ance patterns consisted of major influences from specific sets of WM
tracts that were different across the three abilities. Our results suggest
that for cognitive abilities that decline with age, the integrity of WM
tracts are associated with each ability over and above age effects and
that the aging effect on cognitive decline may exert its influence
through WM integrity changes.
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